ABSTRACT
. For 48 the traits that have low heritabilities, a very large number of records will be required in the training 49 data set in order to achieve high accuracies of GEBV in unphenotyped animals (Hayes et al., 2009 ).
50
One possibility to overcome the limited size of the training set is to combine data across countries 51 as in the global Dry Matter Iniative (gDMI) (de Haas et al., 2012).
52
In this study, stochastic simulation was used to investigate how different breeding schemes 53 affect genetic gain without treating accuracy as a fixed value, but rather as an outcome of the 54 simulation. By using stochastic simulation, it is also possible to study complex and overlapping are greatest when selection is for difficult to measure traits, whose recording is either too expensive 60 or phenotypes are not easily accessible (Goddard, 2009 
MATERIALS AND METHODS

71
Historical populations were simulated in order to create realistic associations between 72 markers and genes and to create founder populations for the breeding schemes. In order to create 73 these associations and a mutation-drift balance the simulations consisted of 2,000 generations of 74 random mating following the Fisher-Wright population model (Fisher, 1930; Wright, 1931) . The From the created SNPs 3,000 were randomly selected as QTLs, and QTL effects were sampled 80 from a Normal distribution. Per chromosome 500 SNPs were randomly sampled to be used as 81 genetic markers in the breeding scheme, i.e. a total of 15,000 markers. Henderson, 1975) . Test herd simulations were investigated only with genomic selection.
94
In basic schemes, all cows got records only for milk yield at age 3 (Table 1 and Figure 1 ).
95
Whereas, in MY+FE schemes all cows had records for both milk yield and RFI at age 3. In test 96 herd schemes, the test herd females had records for both RFI and milk yield at age 3, while other 97 cows had records for milk yield only. No repeated records were assumed for any of the traits,
98
which is conservative with respect to the amount of information that comes from recording a cow.
99
Females were available for selection at ages 2,3,4,5,6 years. All ages refer actually to the average 100 generation interval that results from their mating, i.e. the actual mating occurs 9 months earlier.
101
Males were selected to be parents at age 3 in GBLUP and at age 6 in ABLUP schemes. Males 102 were progeny tested for both milk yield and RFI in MY+FE schemes; progeny test results were 103 available at age 6 (Table 1, Figure 1 ). Whereas, in the basic and test herd schemes males were 104 progeny tested only for milk yield. The progeny test information was hence available when 105 selecting sires in the ABLUP-schemes, but not in the GBLUP-schemes, due to the shorter 106 generation interval. In GBLUP-schemes, progeny information was used to update the reference 107 population. One-third of the females were culled randomly every year starting when they were 3 108 years old. Females in the test herds and bull calves born from elite matings were assumed 109 genotyped in GBLUP schemes.
110
A base generation (generation 0) was created using the animals from the last generation of 111 the founder population and mating them randomly. All 4,000 animals in generation 0 were 112 assumed genotyped and progeny tested in all the schemes, which involved genomic selection and 113 6 those animals were used to estimate SNP effects for milk yield and RFI. The younger bulls were 114 added to the simulated reference population when they got their progeny test records for 115 production traits. The simulated breeding schemes closely resembled those of Lillehammer et al.
116
(2011) where earlier progeny-tested bulls were genotyped and used to estimate SNP effects.
117
True breeding values (TBV) were calculated for all individuals as the sum of the QTL 
149
The BLUP method (Meuwissen et al., 2001 ) was used for the estimation of marker effects.
150
The statistical model used to estimate individual marker effects was:
where is the record of individual ; is the overall mean; is the marker genotype; is the 154 random effect of the th marker, with variance equal to the total genetic variance divided by the 155 number of markers; and is a random residual. breeding structure of Norwegian Red after genomic selection was implemented.
164
For each scheme, 50 replicates were run and simulations were performed for 20 years.
165
Genetic gain and selection accuracy for males and females were reported as an average over years 
RESULTS
174
Figure 2 shows the total genetic gain (in monetary units) for milk yield and residual feed 175 intake when RFI was included in the breeding scheme. The highest total genetic gain was found 176 when using the MY+FE GBLUP scheme, where bulls were progeny tested for both traits. ABLUP 177 schemes gave lower total genetic gain when compared to a similar GBLUP scheme. schemes decreased the total genetic gain.
183
As expected, the basic scheme gave the highest genetic gain for milk yield of the ABLUP 184 schemes (Table 2 and Figure 3) , and GBLUP schemes gave higher genetic gain for milk yield than 185 similar ABLUP schemes. As expected, introducing a second trait in the breeding goal reduced 186 genetic gain for milk yield. Which is due to the fact that if selection pressure is devoted to more 187 traits the progress for each of the original traits reduces.
188
The highest genetic gain for residual feed intake was reached using the MY+FE GBLUP 189 scheme ( trait, since it is by definition the component of feed intake that is uncorrelated to milk yield.
211
Practical breeding schemes may select directly for MY and against feed intake, but also here only 212 the component that is uncorrelated to milk yield will be reduced, whereas the component of feed
213
intake that is associated with MY will increase together with the general increase in MY.
214 Table 3 showed that it is possible to achieve high selection accuracies for males when 215 including feed efficiency in GBLUP schemes. This can be done either by obtaining phenotypes 216 from all cows in the population and hence get progeny information for genotyped bulls that can be 217 used to update a reference population, or by updating the reference population through genotyping 218 of cows with records. The latter will be preferable if genotyping is cheap compared to phenotyping.
219
When using genomic selection to improve low heritability traits the number of records in the 220 reference population has to be sufficiently large in order to achieve high selection accuracies where hence first of all affected by whether the females had records for the trait under selection or 227 not, giving higher female selection accuracy for schemes where phenotypes for all traits under 228 selection were available for the entire cow population (Table 3) . When test herds were used, the 229 females belonging to these herds will have more accurate breeding values than the cows outside 230 the test herds, due to their phenotypes and genotypes. The female selection accuracy will hence 231 depend on the fraction of the cows that are included in the test herds.
232
Genetic gain will depend on both male and female selection accuracy, although the male 
239
The general level of the genetic gains agree with those found by Lillehammer et al., 2011.
240
We also investigated how reduced economic values for RFI affect the genetic gain and the defendable, as the expected gain is sensitive to the weight put on these traits.
249
In these simulations, we assumed a large reference population at the start of the breeding 250 scheme, which might be optimistic. However, Figure 5 shows that genomic selection accuracies individual animal milk samples are routinely taken as part of the dairy herd management, using 263 these samples to also predict feed intake and efficiency would be cost-effective and a relatively 264 undemanding approach to obtain large numbers of feed efficiency phenotypes.
265
In this study, we used RFI as a measure of feed efficiency. However, earlier studies showed 266 that weak unfavorable genetic correlations exist between RFI and fertility (Vallimont et al., 2013) .
267
This is probably due to the mathematical similarity in the calculations of RFI and energy balance 268 and a failure to account correctly for body tissue mobilization which might lead to selection for a 269 trait that is similar to selecting for a negative energy balance 
